Counting the population of insect pests is a key task for planning a successful integrated pest management program. Most image processing and machine vision techniques in the literature are very site-specific and cannot be easily re-usable because their performances are highly related to their ground truth data. In this article a new unsupervised image processing method is proposed which is general and easy to use for non-experts. In this method firstly a hypothesis framework is defined to distinguish pests from other particles in a captured image after texture, color and shape analyses. Then, the decision about each hypothesis is made by estimating a distribution function for sizes of particles which are presented in the image. Performance of the proposed method is evaluated on real captured images that belong to plants in green houses and farms with low and high densities of whiteflies. The obtained results show the greater ability of the proposed method in counting whiteflies on crop leaves compared to adaptive thresholding and K-means algorithms. Furthermore it is shown that better counting of the pest by proposed algorithm not only doesn't lead to extracting more false objects but also it decreases the rate of false detections compared to the results of the alternative algorithms.
Introduction
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Plants play a vital role in human life on earth maintaining oxygen, food, medicine and more. Pest population monitoring is one of the most important tasks in monitoring growth procedure of many plants in agriculture (Afshari et al., 2009; Kapur et al., 1985; Mundada and Gohokar, 2013) . Integrated Pest Management (IPM) is an effective and environmentally sensitive approach to pest management which promotes methods to fight pests while minimizing the use of pesticides.
Pesticides are very harmful to crops, soil, air, water resources and animals which come in contact with pesticides. The IPM approach is promising and requires frequent and precise observations of plants under natural growing conditions (Baumgärtner and Gessler, 2002) . Counting whiteflies on leaves helps in making decisions as to what would be the proper method to prevent spread of pests and find the optimum amount of pesticides. After the control process, counting the number of pests shows the effectiveness of the control method.
The main problem in such monitoring is to count small size pests in large dimensions of greenhouses and farms. For many years pests have been studied using visual observations, which have been done frequently by experts in farms and greenhouses (Hanafi, 2003) . Although this method could provide precise information about pests, it has three main limitations. Firstly it is time consuming and secondly it depends on observer's skills and is vulnerable to human errors and thirdly it is not possible to perform a continuous time-control on considerable number of leaves in large and daily growing farms and greenhouses. In order to solve these problems, computer vision systems have been proposed as a high-technology solution for pest monitoring and management under natural conditions. These systems at first utilize a combination of controllable cameras which provide images. In the next step, several image processing algorithms are applied in order to detect, classify, count and track harmful pests (Bechar et al., 2010; Martin et al., 2008; Mundada and Gohokar, 2013) .
Whiteflies are considered as one of the most harmful pests for several agricultural products. There are two approaches in the literature of whitefly automatic counting; one is focused on sticky traps to detect insects on them (Cho et al., 2007; Kumar et al., 2010; Xia et al., 2012; Martin et al., 2008) and the other tends to detect whiteflies on leaves of plants. In this paper the second approach has been chosen, because in the first one pest must be able to fly to reach sticky traps and at this stage of insects' development, the damage has already been done to crops. Several methodologies have been proposed to find solutions to detect and count whiteflies on leaves by means of image processing and machine learning techniques. Some of them have utilized global and local thresholding algorithms (Bodhe and Mukherji, 2013; Huddar et al., 2012) . Unfortunately these methods are mainly unable to detect whiteflies accurately due to presence of some bright background objects such as veins or dews. Also for smooth textured leaves, some parts of leaves may be much brighter in the image because of the reflection of the light to the camera lens. These parts may have close intensity distributions to whiteflies. Therefore, the resulting histograms would not be the desired bimodal and thus some background particles may be detected as whiteflies in images.
Another group of methods utilize color as a discriminative feature between pests and background (Cho et al., 2007) . They specify some color ranges for whiteflies and some ranges for leaves. These methods are not only dependent on ground truth data but also they are not flexible to the change of light. In addition, some parts of a leaf may be in shadow and other parts may be in light and the difference between color specifications of these parts would degrade segmentation results.
One of the well-known algorithms which have achieved good performance in segmenting whiteflies is the watershed segmentation method (Boissard et al., 2008) . In each image there might be some components of the leaf such as bright veins, and particles such as eggs of the pests and dews, that may cause many local minima and so lead to over segmentation of the image using this method. With the aid of the size of the whiteflies in the image, a series of morphological operations can be applied with the intent of creating approximate foreground and background markers to remove spurious minima and overcome the problem of over segmentation, therefore the performance of this method is highly related to the knowledge of the size of whiteflies on an image. Consequently this method is ground truth dependent.
The applications of many proposed methods in the literature are very specific and their performances are highly related to their ground truth templates. Thus, they cannot be easily reusable for other situations. On the other hand, whiteflies have a host range of more than 250 plants which may grow in different site specifications. So, it is important to find a method which is more general and can be applied for several situations. To this end, the objective of this paper is to propose a general detection system which is not site-specific. A very significant parameter for the goal of finding a general detecting method without knowing ground truth data is the size of pests in an image. In this article a novel method for counting whiteflies on leaves has been proposed in which the size of whiteflies in an image is found and then by considering this information, the optimum texture, color and shape analysis steps are applied in order to detect and count number of whiteflies in images that are captured from crops leaves.
Materials and Methods
Materials
The database used for the development of the algorithm consists of 200 images which have been divided in two groups; in the first group there are images in which the densities of whiteflies are low and therefore they are almost well separated. The second group consists of images with high density of whiteflies in which near distances between pests may degrade the performance of detection algorithms. Specifications of the database are shown in table 1.
The proposed algorithm and two rival algorithms were implemented using Matlab 2009.
Proposed method
The proposed algorithm has been designed according to three basic properties of whiteflies in such images; 1) whiteflies seem to be brighter objects than other parts of an image.
2) The size of whiteflies in each image is the same.
3) The most non-homogeneous part of these images are the parts that the insects exist and the texture of an image in these areas changes greatly.
To better illustrate the steps of the proposed algorithm, the flowchart of the proposed algorithm is presented in Figure 1 and the steps of the algorithm are depicted by a sample image response to each step:
In gray-scale images, contrast between whiteflies and leaves are higher, therefore at first the RGB image is converted to the gray scale intensity image. The gray-scale value for each pixel is calculated as follows:
Figures 2 (a) and (b) show RGB and gray scale representations of the sample image respectively.
Shape analysis
In mathematical morphology, granulometry is an approach to determine size distributions of objects in an image without explicitly detecting each object (Gonzalez and Woods, 2002; Vincent, 1994) . The method consists of applying morphological openings with structuring elements (SE) of increasing size, for each opening, the sum of the pixel values in the opening is computed. SE is an element that seems like the target objects. This procedure yields a 1-D array of such numbers, with each element in the array being equal to the sum of the pixels in the opening for the size SE corresponding to that location in the array. To emphasize changes between successive openings, the difference between adjacent elements of the array is computed. Maximum of the difference diagram indicates large quantity of the corresponding size. Because the gray scale intensities of pests in images are the highest, this size indicates the size of the whiteflies. The width of the pests is twice this radius. The difference diagram for the sample image is shown in figure 3 . The width of the pests in this image is 2 × 9 i.e. 18.
Gray scale intensity analysis
In the first step, the RGB images have been converted to gray scale intensity images because intensity images are enough for the proposed method. After finding the size of whiteflies by using a structuring element of this size, the morphological tophat transform (Gonzalez and Woods, 2002; Vincent, 1994 ) is applied which is an operation that brightens the elements of that size in an image. Then the median filter is applied to remove noise from the image. Figure  4 (a) shows the resultant image. Applying tophat transformation in the previous step makes the gray scale image histogram to be bimodal. The minimum thresholding is suitable for segmenting this kind of images (Gonzalez and Woods, 2002; Vincent, 1994) . If the histogram is clearly bimodal, it is easy to find the minimum value between two maximums which is the threshold value. But if it contains multiple minima an algorithm for smoothing the histogram is needed in order to construct the histogram which contains only one minimum. Figure 4 , (b) and (c) show the histogram of the tophat transformed image and its smoothed version respectively. The black and white image after applying the threshold which has been 213 is depicted in figure 4 (d). 
Texture analysis
In an image the areas in which the pests exist, the texture of the image greatly changes. Therefore the entropy property was chosen to assess the textures in the images. For this purpose the partial entropy where each output pixel contains the entropy value of the (2R-1) by (2R-1) neighborhood around the corresponding pixel (Gonzalez and Woods, 2002; Vincent, 1994) as follows:
As can be seen in figure 5 (a), high entropy values indicate non-homogenous parts and low entropy values indicate homogenous parts. Threshold E  is calculated using minimum thresholding algorithm described in section 2.2.2 and upper values are chosen as candidates for whiteflies. Figure 5 (b) shows the extracted candidates after texture analysis step. This step not only extracts whiteflies on leaves but also helps to separate adjacent whiteflies. If for example two whiteflies were in contact with each other, the (2R-1) by (2R-1) neighborhood around the contacting border is placed among the region of pests and this region is homogeneous. Therefore entropy values for connected boundaries are low.
Finally as has been depicted in figure 6 , the intersection of texture and Intensity analysis steps are tested and the detected particles which sizes are about the estimated size are counted as whiteflies. The difference diagram for the sample image used for depicting the proposed automated counting algorithm, the abscissa is the radius of structuring elements and the ordinate is the calculated difference between intensities of the opened images with structuring elements of successive sizes, the width of the pests is twice the radius of the structuring element which relates to the maximum difference. 
Evaluation method
In the literature there are two rivals for the proposed method. The first alternative algorithm is K-Means Segmentation algorithm which has been applied in (Fina et al., 2013) . K-Means algorithm is an unsupervised clustering algorithm that classifies input data points into multiple classes based on their inherent distance from each other (Kanungo et al., 2002) . The second one is Adaptive Thresholding algorithm which has been used in (Woon, 2004) . Adaptive thresholding algorithm classifies image pixels by considering spatial variations in illumination (Chan et al., 1998) . KMeans and Adaptive thresholding algorithms are called (KMS) and (ATA) respectively for brevity in the rest of the paper. They have been chosen because they are unsupervised methods and do not require information about databases. Also among other detection methods in the literature, these two methods are capable of segmenting whiteflies in our general database.
The results of the proposed method and two rival algorithms were compared with each other using F1 score and False Discovery Rate (F1 and FDR respectively). F1 score is a measure of a test's accuracy and defined as:
where TP , FP and FN represent correctly identified pests (i.e. True Positives), incorrectly identified pests (i.e. False Positives) and incorrectly rejected pests (i.e. False Negatives) respectively. False Discovery Rate (FDR) implies the ratio of the number of errors to the counted number in each algorithm and is defined as:
Test images were processed manually to obtain a reference to evaluate performances of the algorithms. The total number of whiteflies in an image is denoted as "P", the number of detected particles using each algorithm is denoted as "no" and "TN" (i.e. True Negatives) is the number of whiteflies which were not detected. The required parameters for constructing F1 score and FDR for each result are calculated as below:
Since the proposed algorithm extracted minimum number of TN, it was manually counted and regarding it P is counted as:
For each algorithm FP was counted manually and TP and FN were counted as below:
Results
For the reason of clarity and to avoid crowded figures, the labels of the whiteflies for the results of the algorithms were not shown in the figures 9 and 10. Figure 7 shows one of the obtained results belonging to the case that brightness intensities of the veins and other particles of the leaf are not close to the intensities of whiteflies. Therefore none of the algorithms extracted false objects. However it is clear that the proposed method is the best among two other methods in separating joint whiteflies. Figure 8 demonstrates the results for an image in which the gray scale intensities of veins are about the intensities of whiteflies. As it can be seen, the proposed algorithm successfully has omitted this kind of background particles while the other algorithms have had problems to distinguish between these particles and the insects. The proposed method has not extracted any false particles, while using KMS and ATA algorithms 11 and 9 background particles have been detected as whiteflies wrongly.
In figure 9 one of the rare test images in which the result of the proposed algorithm contained some false detected particles is presented. The false particles have been bolded in the results by yellow boxes. The results show that applying the proposed method among 29 pests in the original image, 26 whiteflies have been extracted correctly and 4 background particles were detected as whiteflies incorrectly. Using ATA and KMS 22 and 19 whiteflies have been detected correctly respectively. Also 7 and 15 background particles were extracted wrongly.
The reason of extracting some part of veins as whiteflies is that eggs of whiteflies make the structure of the veins segregated and the size of some segregated parts are about the size of the whiteflies, and then the proposed algorithm has not been able to diagnose them from whiteflies. As it can be seen from that figure the performances of the two other algorithms are much worse than the proposed algorithm. Figure 10 demonstrates one of the obtained results from processing of the captured images containing high population of pests. The proposed method has extracted 145 whiteflies from among 161 existing whiteflies in the image without extracting any false object. By using ATA method 105 correct pests and 50 false objects have been extracted. Here the poor performance of KMS method is notable which has extracted 67 correct pests and 151 false objects. The ability of the proposed method to separate and count joint whiteflies is because of the texture analysis step. The middle border of adjacent whiteflies in this step comes apart from whiteflies.
In accordance with the standard approach in pest detection literature (5), F1 score and FDR values have been depicted in four separate plots versus the ordered test samples as have been shown in figures 11-14; also the average values of F1 score and FDR in the first and second scenarios have been listed in Table 2 . Based on the table 2, in the first scenario, the F1 values of the proposed method have been 18% and 30% better than ATA and KMS methods respectively. By comparing the results of the first and second scenarios in table 2, it is observed that in parallel with increasing the population of pests in the second scenario, separating adjacent whiteflies became more difficult. This led to decreases in F1 values of the proposed method, ATA and KMS methods by as much as 11%, 37% and 30% compared to the first scenario respectively. Despite these decrements, the superiority of the proposed method compared to alternative methods has been more pronounced in the second scenario. In this case the mean F1 of proposed method has been 44% and 49% better than ATA and KMS results respectively. Investigation of FDR values for examined algorithms, demonstrates the superiority of the proposed method compared to its alternatives. Based on table 2, the average FDR which is obtained using the proposed algorithm has been 19.3% and 20.3% lower than ATA and KMS methods in the first scenario. In the second scenario this parameter has been 48.4% and 53.4% lower than ATA and KMS respectively.
Discussion
The proposed method has been designed in order to find a general method, for the problem of unsupervised automated counting of whiteflies on crops' leaves by means of image processing techniques. the major information required for this aim is the size of whiteflies on each image. The proposed method presents a novel approach for estimating this information automatically for each image. Three main steps, namely intensity analysis, texture analysis and shape analysis have been optimized utilizing the size information in order to enhance the performance of the proposed method in comparison with other unsupervised methods. There are two main difficulties for counting this pest on leaves. One is a near distance between whiteflies in images with high densities of whiteflies which makes problems for counting them individually. The other is the existence of bright parts on leaves such as bright veins, dews, dust and whitefly eggs which makes the automated algorithms be confused and detect false objects. In the proposed method, the texture analysis step utilizing size information successfully separate joint whiteflies by means of local entropy thresholding. The results of figure 10 and the superiority of the algorithm in the second scenario from table 2 are evidences of this ability of the proposed algorithm. On the other hand, the combination of the three steps along with size information enables the proposed algorithm to get rid of detecting false particles as can be deduced from figure 8 and FDR results of table 2. The obtained results demonstrate considerable superiority of the proposed method in comparison with its alternatives as can be seen from figures 7-14 and table 2. One of the reasons for this superiority is utilizing the size information that is obtained in the first step of the proposed method. This information enables the algorithm to optimize thresholding results. In contrary, two rival methods find threshold values without considering size information. The other reason for this superiority is that the proposed algorithm combines three main characteristics of this kind of databases, namely intensity, texture and shape together which makes it highly robust. But, the two rivals only consider intensity characteristics of the image. Thus, the performance of the new method is much better than its alternatives.
Conclusion
In this paper a new method for automated counting of whiteflies on crops' leaves has been introduced. Estimation of the size of pests and paying attention to the shape, texture and intensity characteristics of whiteflies and leaves enables the proposed algorithm to be flexible to many various situations which makes it unsupervised and independent of ground truth data. The obtained results demonstrate considerable superiority of the proposed method in comparison with its alternatives. The accuracy of the results using the proposed algorithm was much better than the others and especially in the second scenario in which the densities of whiteflies on leaves were much higher this superiority is considerable. The results showed the power of the proposed algorithm regarding the prevention of detecting false particles and noise. Consequently the proposed method can be used as a suitable automatic unsupervised method for counting whiteflies in natural conditions of greenhouses and farms without the need for ground truth data.
Gray Scale Opening
The value of opened gray scale image I by a structuring element S, in the row and column equal with m and n is defined as follows:
